Despite increased risk for negative outcomes, cognitive impairment (CI) is greatly under-detected during hospitalization. While automated EHR-based phenotypes have potential to improve recognition of CI, they are hindered by widespread under-diagnosis of underlying etiologies such as dementia-limiting the utility of more precise structured data elements. This study examined unstructured data on symptoms of CI in the acute-care EHRs of hip and stroke fracture patients with dementia from two hospitals. Clinician reviewers identified and classified unstructured EHR data using standardized criteria. Relevant narrative text was descriptively characterized and evaluated for key terminology. Most patient EHRs (90%) had narrative text reflecting cognitive and/or behavioral dysfunction common in CI that were reliably classified (j 0.82). The majority of statements reflected vague descriptions of cognitive/behavioral dysfunction as opposed to diagnostic terminology. Findings from this preliminary derivation study suggest that clinicians use specific terminology in unstructured EHR fields to describe common symptoms of CI. This terminology can inform the design of EHR-based phenotypes for CI and merits further investigation in more diverse, robustly characterized samples.
INTRODUCTION
As the population ages, the incidence of cognitive impairment (CI) is rising at an alarming rate. 1, 2 Cognitive impairment is frequently under-detected, particularly during hospitalization, placing patients at significant risk for a range of adverse outcomes during and after hospitalization. 3, 4 The various, complex etiologies underlying CI in older adults are often difficult for clinicians to identify and differentiate during hospitalization, which serves as a contraindication for dementia diagnosis due to acute illness. 5, 6 Challenges to accurate identification of CI during hospitalization are multifactorial and include limited and unreliable information transfer from other care settings, lack of shared electronic health records (EHRs), and gaps in clinician knowledge and training. [7] [8] [9] [10] Collectively, these challenges make it difficult to identify patients' baseline cognitive status and delineate symptoms attributable to dementia and/or delirium, two conditions frequently contributing to CI. As patients with CI often require modified care approaches and more intense post-hospital follow-up care, 7, 11 automated EHR-based phenotypes for identifying symptoms of CI have considerable potential to increase recognition and assessment of CI and its underlying causes, inform point of care decision making, and enable proactive interventions. However, high rates of under-diagnosis and under-coding for a range of disorders associated with cognitive decline, including mild cognitive impairment, Alzheimer's disease and related dementias, and delirium, pose significant barriers to reliance on structured text fields for EHR-based phenotypes and screening approaches. 4, [12] [13] [14] Studies have found that nearly 40% to 60% of dementia cases are undiagnosed, 4, 15 while over 50% of delirium cases are undiagnosed 16, 17 -the estimates for under-recognition for individuals with both dementia and delirium are even higher, ranging from 50% to 80%, depending on whether the delirium is hyperactive. 6, 18 Prior studies suggest that individuals at highest risk for developing CI due to dementia, such as racial and ethnic minorities, are also less likely to receive proper diagnosis. [19] [20] [21] Exclusive reliance on structured text fields for EHR-based phenotypes, which are most likely to provide useful data for patients who have previously undergone neuropsychological evaluation or diagnosis, may systematically overlook individuals without exposure to these services. As these individuals should be a primary target for proactive and early intervention during hospitalization, there is a need to examine the utility of other data sources, such as unstructured EHR fields for facilitating improved recognition of potential CI. Recent advances in EHR-based screening approaches for dementia and delirium have demonstrated promising sensitivity and specificity (ranging from 60% to 96% sensitive). [22] [23] [24] These approaches focus almost exclusively on structured data elements (eg, diagnostic codes, medications) and integrate limited narrative text from unstructured data fields. Narrative text incorporated into these approaches focuses largely on diagnostic terminology (eg, "neurodegenerative," "dementia,") and may not necessarily reflect the language inpatient clinicians use to describe symptoms of CI. 22, 23 Furthermore, the generalizability of these approaches to the general population is uncertain, as they have been developed and tested using cohorts who have undergone prior neuropsychological evaluation. 22, 23 Other common features present in CI, such as changes in behavior that comprise a core feature of neurodegenerative dementias, have been largely overlooked. Inpatient clinicians, particularly those engaged in hands-on care delivery, may rely more on subtle or subjective descriptors of behavioral and cognitive presentation than on diagnostic terminology in unstructured documentation. Integration of more comprehensive terminology commonly employed by inpatient clinicians may positively augment screening methods built largely on diagnostic codes or medications, and may be more applicable to real-world contexts in which many patients are under-diagnosed and have not sought memory testing or specialty care. 12, 25 Understanding the availability and characteristics of unstructured EHR data describing symptoms of CI is an important prerequisite to future refinement and testing of EHR-based phenotypes. The objectives of this study were to identify and characterize unstructured EHR documentation on symptoms of CI for patients in acute care settings with a diagnosis known to result in CI-in this use case, we focused on dementia.
METHODS

Sample/setting
The study sample was derived from a retrospective cohort of Medicare beneficiaries with primary discharge diagnoses of pelvis/ hip/femur fracture or stroke discharged from an urban academic or urban community hospital to a sub-acute care facility between 2003 and 2008. Both hip fracture and stroke are common acute conditions among older adults who are most likely to have CI, and patients with dementia in particular are at markedly higher risk of developing both conditions. 26, 27 Primary diagnosis codes were established using ICD-9 diagnostic codes located in the first position from the index hospitalization discharge diagnosis list. Patients with dementia were identified using ICD-9 codes within Medicare data for Alzheimer's disease and related dementias as validated by Taylor and colleagues. 28 Medicare claims data for this sample were linked to EHR data using a combination of Medicare identification number, study hospital, discharge/admission dates, age, and sex. This study was reviewed and approved as by the University of WisconsinMadison Institutional Review Board and waived the requirement for informed consent.
Identification and classification of unstructured data
Trained clinician reviewers with backgrounds in nursing and neuropsychology performed a structured review of each patient's EHR to identify, extract, and classify relevant narrative text from unstructured data fields in the inpatient episode. Unstructured data included any free text field, including free text within documentation flowsheets and within any available provider note types (eg, progress notes, care plans, therapy notes, history and physical examination (H&P) notes, shift summary notes, admission notes, and discharge summaries). Narrative data were authored by any physician, nurse, social worker, or physical or occupational therapist. To reduce bias against differential lengths of stay and transient spikes in symptoms due to transfers, we examined a consistent time period reviewed across all individuals. 7, 29, 30 In order to preserve this consistency, all unstructured EHR data from the last three days of hospitalization were reviewed in their entirety for the entire cohort. In the first stage of this review, two blinded reviewers extracted all narrative statements regarding: (1) any diagnosis associated with cognitive impairment (eg, dementia, delirium, acute confusion) and (2) descriptions of cognitive presentation/ dysfunction and behavioral dysfunction common in CI. This review was guided through use of uniform abstraction tools and manuals, which were also used to resolve any discrepencies. 31 In the second stage of this review, narrative statements were characterized using standardized classification criteria that incorporated common categories of impairment defined by established clinical assessment and diagnostic criteria, 5, 32, 33 and by observed qualities of clinical documentation, organized into behavioral and cognitive domains (Figure 1 , Supplementary Appendix Table 1 ). As there are no established criteria for classifying the content of clinical documentation on CI, we engaged a consensus validation process in which clinical experts in geriatrics and neuropsychology reviewed and commented on each category in light of representative examples from unstructured EHR data. Categories were further delineated as being derived from established clinical assessment/diagnostic criteria or clinically derived categories. Clinically derived categories were created to support classification of vague or general statements that do not use diagnostic terminology but clearly contain descriptions of cognitive or behavioral presentation. Classification criteria consisting of 13 specific categories were applied to all extracted narrative statements and were carried out by four trained reviewers that were blinded to one another's work ( Figure 1 ). While classification categories were distinct, they were applied to narrative text statements using non-mutually exclusive classification rules to provide insights into the complexity and common patterns of overlap in clinical documentation. For example, a single narrative text statement may refer to a patient's being "agitated and confused," indicating symptoms of both cognitive and behavioral dysfunction. A random 10% re-review of all statements was completed (reviewers were randomly assigned to re-review narrative text) to assess inter-rater reliability and agreement statistics. In light of the limitations of Cohen's j in situations with unevenly distributed data, as was common in some of our data elements, we computed both Cohen's j and Gwet AC 1 34 across and within each categorical domain. Kappa coefficients were computed in NCSS, and Gwet AC 1 was computed in R version 3.4 using k x k matrices that represented the number of agreements across coders for each distinct statement. In situations in which coders used different numbers of codes within a single statement, an additional nominal response item was assigned to enable comparison.
Analysis of unstructured data characteristics and key terminology
To characterize the availability and type of unstructured EHR data on CI, we calculated 1) the prevalence of all cognitive and behavioral categories across EHRs, 2) the proportion of statements that reflected diagnostically and clinically derived documentation, and 3) the proportion of narrative statements that represented multiple cognitive/behavioral symptoms. Last, qualitative text analysis procedures were applied to identify common and salient key words and phrases within each classification category. Key word analysis techniques were carried out by clinical experts through identification of frequently used words or phrases that are clinically meaningful although they are applied to unfamiliar contexts. 35 Text was coded individually and reviewed in interdisciplinary analysis meetings.
RESULTS
Sample characteristics are presented in The 2444 narrative text statements reviewed predominantly described cognitive dysfunction symptoms (Figure 2 ). Of all classification categories applied to text data, 77% represented cognitive domain categories, whereas 23% represented behavioral domain categories. The most common symptom category identified across documentation across EHRs was "global descriptors of confusion" (28.9%), under the cognitive dysfunction domain, followed by "degree of orientation" (20.9%), "impaired executive function or reasoning" (13.0%), and "global descriptors of cognition" (7.3%). Statements regarding behavioral dysfunction commonly described symptoms of "agitation" (15.2%).
The majority of documentation described a singular symptom, and 26% of narrative text statements described multiple symptoms, most commonly concurrent descriptions of confusion and degree of orientation. Only 5% of statements reflected descriptions of both behavioral and cognitive symptoms, most frequent were descriptions of general confusion accompanied with descriptions of agitation, eg, "patient confused and agitated."
Overall, unstructured documentation reflected greater use of vague or general descriptors of cognitive or behavioral presentation, such as "signs of sundowning" with 56% of all statements reflecting clinically derived descriptors, and 44% representing diagnostically derived descriptors, such as "0/3 recall ability." Seventy-six percent of all descriptions of cognitive presentation represented clinically derived descriptors.
Key terminology from narrative text was identified for each classification category. Impaired executive function, memory impairment, degree of orientation, agitation, and aberrant motor behaviors yielded the most key words/phrases (Figure 3) . Narrative text examples, mapped to corresponding classification category and known comparators in existing terminologies, are available in Supplementary Appendix Table 2 .
DISCUSSION
This study found that narrative text describing symptoms of CI were prevalent in the unstructured EHR data fields of hospitalized patients with dementia from this retrospective cohort. This language predominantly described symptoms in general or vague terms that are not consistent with gold-standard clinical assessment instruments or diagnostic criteria. The majority of statements of cognition reviewed in these records reflected general descriptions of confusion, assessment of orientation, or descriptions of agitation, which may be reflective of inadequate training, awareness, and/or assessment of other key areas of cognition. These data provide an important, albeit preliminary, foundation for informing expansions of existing concepts and related synonyms in established terminologies, and also contribute new and potentially untapped narrative data for incorporation into these terminologies (Supplementary Appendix Table 2 ). These data may also represent terminology inpatient clinicians from a range of disciplines are more accustomed to using. As this study reviewed terminology in the EHRs of dementia patients with stroke and hip fracture, future research is needed to determine whether this terminology is consistently used by clinicians across other conditions.
Our findings regarding the extent and content of narrative statements on CI in the EHR of hip fracture/stroke patients with dementia also provide a preliminary understanding of potential limitations for unstructured data in automated screening approaches. First, although all patients included in this retrospective cohort had a Medicare-identified diagnosis of dementia, not all patients had unstructured documentation on symptoms of CI present in admission, discharge, or clinical notes across a range of clinical disciplines. This could be due in part to the 3-day timeframe that was used to evaluate documentation, and may also be reflective of high rates of under-recognition of CI. Indeed, it is possible that clinicians may document on symptoms of CI without fully recognizing the clinical implications of these symptoms for patient care. Examining documentation patterns across varying durations of stay and points of care (eg, emergency department, admission, pre-discharge) may provide additional information about ideal time points for directing EHR screening models. For example, EHR screening algorithms might be directed at points in care for which identification of CI is critical, such as admission and discharge, when potential CI has immediate implications for the plan of care. Understanding variations in documentation patterns can inform adjustments to screening algorithms at different points in care when identification of CI is critical, such as upon admission and discharge, when knowledge of potential CI has immediate implications for the plan of care. Additionally, while the present study reviewed notes from a broad range of clinicians that are most consistently engaged in patient care, not all clinical disciplines were represented. For example, other relevant disciplines may include speech language pathologists, nursing assistants, and technicians who have close interactions with patients and also contribute to the EHR. As such, some documentation from other disciplines may not be represented in the present study and should be investigated in future research.
Limitations of the present study include the use of a retrospective cohort from two specific conditions; however, this also strengthens internal validity, which is important to this early stage. The present study focused on identifying symptoms of CI broadly, and is inclusive of symptoms that are commonly present in both individuals with dementia, delirium, and delirium superimposed on dementia. As delirium is significantly under-recognized, under-coded, and cannot be reliably determined using administrative data, we were not able to distinguish between terminology used in the charts of individuals with and without delirium. Future prospective research should aim to identify terminology that may be unique for delirium cases. Additionally, although this study incorporated data from two hospital systems and EHRs, there may be local variation in the terminology used, and these findings may not be generalizable to other settings or EHRs. As such, future research evaluating different data sources and settings is needed to understand whether and how documentation patterns vary across services and EHRs. Finally, as this study represents an initial derivation of unstructured data components from a gold-standard diagnostic group only, it did not include matched controls. Of note, in the specific case of cognitive impairment, identification of key terms in unstructured data for matched controls will require prospective enrollment and comprehensive neuropsychological examination during and following hospitalization, as absence of impairment for this clinical condition is not indicated by absence of diagnoses. Further development and refinement of EHR phenotypes for cognitive impairment will benefit from identification of common data features in the EHRs of patients without cognitive impairment, which was not addressed in this study.
Provided the high prevalence, cost, and mortality associated with undetected CI, including dementia and delirium-and the challenges clinicians in acute care settings face identifying both-inclusion of a broader range of terminology commonly used within inpatient environments has potential to bolster EHR-based phenotypes and screening approaches. Furthermore, these study findings present shared terminology that clinicians within these two hospital settings were using across disciplines in the inpatient EHR of dementia patients with hip fracture/ stroke. Future work to further develop and refine EHR-based phenotypes should focus on validation of controlled terminologies for potential accuracy gain in screening for CI, particularly among general patient populations who have not previously undergone neuropsychological evaluation. The present study derives potential key words and phrases for inclusion in future terminologies, ontologies, and phenotypes. Future work should examine the predictive accuracy of these key words and phrases and their relevant synonyms, in identifying CI across different patient samples and EHRs.
